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ABSTRACT
At the core of many important machine learning problems faced
by online streaming services is a need to model how users inter-
act with the content. ese problems can oen be reduced to a
combination of 1) sequentially recommending items to the user,
and 2) exploiting the user’s interactions with the items as feed-
back for the machine learning model. Unfortunately, there are no
public datasets currently available that enable researchers to ex-
plore this topic. In order to spur that research, we release the Mu-
sic Streaming Sessions Dataset (MSSD), which consists of approx-
imately 150 million listening sessions and associated user actions.
Furthermore, we provide audio features and metadata for the ap-
proximately 3.7 million unique tracks referred to in the logs. is
is the largest collection of such track metadata currently available
to the public. is dataset enables research on important problems
including how to model user listening and interaction behaviour
in streaming, as well as Music Information Retrieval (MIR), and
session-based sequential recommendations.
1 INTRODUCTION
A long-standing and central challenge of online services is to un-
derstand and model how users behave [14]. For web search and
online advertising, that led to a large body of work on click model-
ing, most of which would not have been possible without access to
publicly available click logs [6]. Modeling user behaviour is simi-
larly important to streaming services [13, 15], but to the best of our
knowledge there are no user interaction datasets currently avail-
able to the public. is is particularly limiting when it comes to
designing recommender systems, where the use of implicit feed-
back is oen critical [10].
Motivated by the paucity of user interaction logs in streaming,
we release the Music Streaming Sessions Dataset (MSSD), which
consists of over 150 million listening sessions with associated user
interaction information. In addition, we provide audio features and
metadata for the approximately 3.7 million unique tracks referred
to in the logs, making this the largest collection of such track meta-
data currently available to the public.
One of the main ambitions of this dataset release is to enable
public research on two central challenges facing online streaming
services, namely predicting if a user will 1) skip a track, and 2)
move from one listening context to another. In addition to these
problems, the dataset enables research on other challenging ma-
chine learning problems. Finally, sequentially recommending items
for users is of particular importance to music streaming services
but also to other types of services, such as news or e-commerce,
for example in next-basket recommendation. We believe the un-
derlying solutions for these cases would be comparable to those
for music.
2 RELATED WORK
Click log releases have played a key role in allowing the develop-
ment of sophisticated click models for web search and advertising
applications, with companies including Microso, Yahoo, Yandex,
and Criteo all providing such logs to the academic research com-
munity. An overview of the clickmodeling literature, and available
datasets is provided in [6].
In the context of recommender systems there are fewer such
interaction logs available. Instead, recommender systems datasets
have tended to contain explicit ratings [2, 7, 8]. Some streaming
logs containing user interactions have been released, for example
the XING dataset which was part of the 2016 Recsys Challenge [1].
However, this dataset was in the field of job recommendations and
is no longer publicly available.
ere are several music listening histories datasets, most of which
were crawled from from social media such as last.fm or twier,
however none of these datasets contain user interactions beyond
what songs were listened to [4, 9, 11–13]. Similarly, the kkbox
dataset from the wsdm challenge provides listening logs [5], but
these logs are not timestamped, nor do they provide user interac-
tions beyond what tracks were listened to. us, although there
are some music listening logs, crucially none of these contain in-
formation about how users interacted with the tracks they listened
to, showing instead only what tracks users were exposed to, as op-
posed to showing how much, and how, they actually listened to
those tracks.
3 THE MUSIC STREAMING SESSIONS
DATASET
e MSSD consists of approximately 150 million streaming ses-
sions with associated user interactions, audio features and meta-
data describing the tracks streamed during the sessions, and snap-
shots of the playlists listened to during the sessions. e dataset is
hosted at hps://www.crowdai.org/challenges/spotify-sequential-skip-prediction-challenge.
e streaming sessions are stored in a log, where each row of
the log contains a session id, a timestamp, contextual information
about the stream, the track and context id’s, and the timing and
type of user interaction within the stream. A schema for the log
is provided in Table 1. Each session is defined to be a period of
listening with no more than 60 seconds of inactivity between con-
secutive tracks. Additionally for this dataset we set a cut off of at
most 20 tracks per session. Sessions included in the dataset are
sampled uniformly at random from listening sessions on the con-
texts included in the dataset over an 8 week period. We exclude
sessions that include tracks which did not meet a minimum popu-
larity threshold.
e sessions in this dataset are sampled from radio, personalized
recommendation mixes, the user’s own collections, and 100 of the
most popular playlists on a major music streaming service. e
Column name Column description Example value
session id unique session identifier 65 283174c5-551c-4c1b-954b-cb60ffcc2aec
session position position of row within session 4
session length number of rows in session 11
track id unique track identifier t 13d34e4b-dc9b-4535-963d-419afa8332ec
context id unique context identifier 124321515
skip 1 boolean indicating if the track was only played very briefly 1
skip 2 boolean indicating if the track was only played briefly 1
skip 3 boolean indicating if most of the track was played 0
not skipped boolean indicating that the track was played in its entirety 0
context switch boolean indicating if the user changed context between rows 0
no pause before play boolean indicating if there was no pause between current and previous playback 1
short pause before play boolean indicating if there was a short pause between current and previous playback 1
long pause before play boolean indicating if there was a long pause between current and previous playback 0
n seekfwd number of times the user did a seek forward within track 2
n seekback number of times the user did a seek back within track 0
shuffle boolean indicating if the user encountered this track while shuffle mode was activated 0
hour of day hour of day between 0 and 23 22
date date in YYYY-MM-DD format 2018-09-18
premium boolean indicating if the user was on premium or not 1
context type what type of context the playback occurred within editorial playlist
reason start the user action which led to the current track being played fwdbtn
reason end the user action which led to the current track playback ending trackdone
Table 1: Schema for the interaction log
track id duration release year us popularity estimate
acousticness beat strength bounciness danceability
dyn range mean energy flatness instrumentalness
key liveness loudness mechanism
mode organism speechiness tempo
time signature valence acoustic vector
Table 2: Features for the track metadata
logs therefore contain a mix of listening sessions based on user’s
personally curated collections; expertly curated playlists; contex-
tual, but non-personalized recommendations; and finally, person-
alized recommendations.
For each track contained in the sessions, we provide audio fea-
tures andmetadata describing the track. We provide approximately
3.7 million tracks. ese include features like acousticness, a mea-
sure of confidence that the track is acoustic, runnability, an esti-
mate of how suitable the track is as running music, and valence, a
measure of how positive a track sounds. e schema for the track
metadata is provided in Table 2. More detailed descriptions of the
features are available in [3] and on our dataset website.
4 RESEARCH PROBLEMS
We contend that this sessions dataset consisting of listening and
activity data would would help foster research in a number of di-
rections. A brief list of few key research areas for which we hope
this dataset will be useful include:
(1) Skip and context switch prediction
(2) Session based Sequential Recommendations
(3) User Intervention in Automated Systems
(4) Offline Evaluation of Recommender Systems
(5) User Journeys
(6) Proactive Recommendations
5 CONCLUSION
eproblems of understanding, modeling and predicting howusers
interact with content on streaming services has until now been un-
derstudied, mainly because of a lack of access to data. With the
paper, we provide the only dataset of streaming logs and user in-
teractions currently available to research communities.
Furthermore, we identify important research questions that can
be addressed using the dataset. Of particular importance are the
tasks of skip prediction, context switch prediction, and session-
based sequential recommendations. Such online recommendations
are particularly important for streaming services when on-boarding
new users.
While the dataset enables new types research directions, com-
promises were made for privacy and commercial reasons. An in-
teresting future extension of this dataset would be to provide more
precision on the skip information than the currently bucketed times.
at level of information could allow to predict moments in the
track where skips are most likely to occur, which could be of great
value for generative and interactive music models.
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